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Spatial-temporal Distribution of Urban Population on Weekdays and Week-
ends Based on Cell Phone Data Flow, a Case Study in Shenzhen
Abstract
        Shenzhen is one of the most populated city in China, in order to have a deep understanding 
of the city dynamics, real-time demographic information is very important. In this study, I use 
mobile phone traffic data with one-hour time resolution and one kilometer spatial resolution to 
represent population flow. Data during two days are selected, including a Sunday and the follow-
ing Monday. I firstly create heat maps for each hour in two days and make description analysis 
combined with statistics indicators. Features and trends are compared among hours and between 
Monday and Sunday. Then I apply the space time analysis tool to figure out the different types of 
hot spots trends. After the study, an overall outline of spatial-temporal distribution of population 
in Shenzhen is made with some interesting facts. However, due to lack of land use and travel 
survey data, it is still not possible to provide adequate and reasonable explanations for the phe-
nomena.
Key Words
population flow, cell phone, spatial-temporal distribution
Introduction
Literature Review
        In transportation planning, trips are categorized as home-based work trips, home-based 
school trips, home-based other trips, and none-home-based trips. We believe the happening 
patterns of those different trips shapes a city’s daily dynamics. Typically, home-based work trips 
and home-based school trips happen on the weekday mornings and afternoons regularly, creating 
sharp changes in population flow. Additionally, home-based other trips domain on the weekends, 
which are more random, causing a completely different city traffic and population flow distri-
bution through a day. However, most censuses and official statistics are concerned more with 
the residential population in different administrative districts. Due to a lack of temporal data, 
traditional surveys and experience could not provide strong evidence in terms of the reality of a 
city in the night and daytime, on weekends and weekdays. Identified cell phone by signal station 
could serve as an ideal indicator of population distribution with instantaneity nature and high cell 
phone ownership. 
        Shenzhen is developing fast. With the construction of new infrastructures and influx of 
immigrants, the population distribution patterns continue to change. Therefore, understanding 
the urban population both during different time of a day and different days in the past and future 
could help us better understand the mechanisms of Shenzhen’s evolution.
       Application of Cell Phone Data in City Studies
        As an emerging research data source, cell phone data shows significant advantages in its 
application. The increased cell phone ownership and usage provide related studies with basis for 
technology selection. In addition, the data structure of cell phone is simple, without any individu-
al characteristic information, which can ensure the randomness and timeliness of data collection. 
Considering its feature of clearly and effectively reflecting the spatial and temporary characteris-
tics of residents’ behavior, scholars around the world have been utilizing cell phone data to carry 
out researches in the fields of urban studies.
        A precondition for understanding the dynamics of cities is to understand human behav-
iors. Massive cell phone data have shown great success in such studies. For example, based on 
the location data extracted from extensive cell phones records, Ratti (2006) explores the activity 
intensity through different time and space of Milan, Italy. Based on cell-phone users’ presence 
information, Pulselli (2008) monitors real-time population density in cities. They display the hu-
mans’ occupation of urban space hourly on weekdays and also compared with patterns on week-
ends, which hints the time use of urban functions. Jiang (2011) finds that the population could be 
clustered into seven groups according to their activities during weekdays and weekends. Becker 
et al. (2011) figure out seven cell phone usage patterns through clustering tools. According to the 
spatiotemporal distribution of cell phone calls, Deville (2014) estimates the population densities 
as well as population changes in Portugal and France based on the usage intensity of cell phones.
        Additionally, population clusters are made use of by some scholars to detect social events. 
Candia (2008) studies the aggregated human behaviors and finds out anomalous events by means 
of cell phone data. Also, the individual calling activity patterns were investigated. Based on hu-
man gatherings from massive cell phone data, Traag (2011) creates a framework to detect social 
events and figure out the events participants.
        Moreover, cell phone data are not only helpful to understand social activities, but also trav-
el patterns. Scholars in the field of urban transportation have done researches about identifying 
travelers’ paths by means of using cell phone data. Caceres (2007) monitores the flow of mobile 
phones to acquire origin-destination information of city traffic, and builds a global system for 
mobile communications mobile phone network which could convert the cell phone data to OD 
matrix. Sevtsuk & Ratti  (2010) investigate the collective urban mobility patterns’ regularity in 
Rome by analyzing distribution of population over time, which is gained from volume of calls. 
Calabrese (2010) tracks the origins and destinations of crowd during special events using cell 
phone data, which would be meaningful to events operation and congestion easement.
        Calabrese (2011) studies residents’ overall trip patterns by analyzing trip paths of 100,000 
people during half a year retrieved from cell phone data. Kang (2012) utilizes cell phone data to 
retrieve individual’s movement trajectories in 8 cities of China, he also studies the similarities 
and differences of mobility patterns among the cities with diverse sizes and morphology. Palmer 
(2013) utilizes shared GPS information on trajectories of volunteers to explore the demograph-
ics, segregation patterns, as well as the activity spaces of cities. Jiang (2017) designs a novel data 
mining framework which could extract mobility patterns from cell phone data. The method in 
this article has the potential to support transportation planning in a more cost-effective way. Lei 
Wang, Shujin Ji & Xiang He (2016) use a week’s mobile phone data from 1.07 million people and 
defined the mobile base stations which have over 15-minute still signaling data as the starting or 
ending sites of trips. Combined with trip information, employment as well as residential distri-
bution, and traffic volumes, it could help provide a better picture of people’s trip pattern. Jia Fang, 
De Wang (2016) observe tourists’ time distribution and origin distribution on both weekdays 
and holidays in the study area. They also extract sample of holiday tourists and compared the trip 
patterns during holidays and weekdays. Sun and Yuan (2011) study trip patterns in Shenzhen’s 
diverse urban space using mobile phone signaling data.
        As mobile phone data technology matures, scholars have not been satisfied with simple de-
tection and identification studies of activity intensity and human mobility, they explore ways to 
dig out hidden valuable information about land use patterns. Liang Ding, Xinyi Niu, & Xiaodong 
Song (2015) identify employment and residential sites of mobile phone users in Shanghai Down-
town based on their stay time and space-time repetition pattern which could be gained from mo-
bile phone signaling data. Then they apply the results to the study of downtown commuting zone. 
Wang (2016) studies migration of Shanghai employment space from levels of overall city, district, 
and street based on 2011 and 2014 cell phone signaling data. By integrating the location and time 
information, cell phone data could provide clues for diverse land use types identification. Jinlei 
Xu & Hongno Xu (2016) put forward 15 types of stay modes based on stay time extracted from 
mobile phone data. Soto (2011) makes analysis on residents’ trip characteristics by utilizing mo-
bile phone data, identifying five land use patterns in Madrid. Given that human activities could 
be retrieved from the cell phone data, Pei (2014) continues to study the social functions of land 
uses base on cell phone data, and the validation of the approach was proved in a case study of 
Sinapore.
        Not only limited to human behavior and land use study, mobile phone experienced an in-
creasingly widespread application to urban structure exploration. Center for Advanced Spatial 
Analysis at University College Center produced an inter-urban analysis across three cities using 
location-based network data and discussed about the different spatial structures. Louail focused 
on the study of hotspots identified by cell phone data in 31 Spanish cities, they categorize the 
city structures as monocentric, segregated or polycentric based on the study. Grauwin compares 
the spatial patterns retrieved from cell phone data among New York, London and Hong Kong, 
focusing on cultural, technological and economic factors that shape the city structures. Other 
studies are conducted on the identification of urban centers by use of mobile phone data. Yao & 
Niu (2016) utilize mobile phone signaling data to find out people’s number of cross-town trips, in 
order to measure the intensity of contact between cities. Wang (2015) uses mobile phone signal-
ing data to classify different levels of commercial centers in Shanghai and compared different the 
spatial distribution of consumers in different levels of commercial centers.
        More novel and complex applications of mobile phone data are still constantly being excavat-
ed. For instance, Colak (2015) explores the cell phone data’s application in four-step transporta-
tion model and discussed about the opportunities and limitations. They do case studies in Boston 
and Rio de Janeiro, in which they completed trip generation and distribution steps, while mode 
split and traffic assignment parts need future work. Zhang, Chen, Lai & Tao (2016) put forward 
the mythology of using the mobile phone signaling data to identify station passengers, which is 
achieved by observing mobile phone signals transferring from outdoor base stations to rail base 
stations. Also, the authors figure out passengers’ origins by observing the trip paths for the whole 
day. Additionally, the results are collated with questionnaire and bus card data, which prove the 
effectiveness rate of mobile phone data is between 47.8% and 63.2%.
        In the process of making use of mobile phone data, scholars have been exploring the accu-
racy and feasibility of mobile phone data. During the study of Shanghai employment-residential 
spatial distribution and commuting distance, Zhang (2016) compares results of mobile phone 
data with trip survey data. In the study of time-space distribution of Beijing residents’ trips, Li 
(2016) checks the results of comprehensive traffic survey data with mobile phone data, and con-
cludes the feasibility of mobile phone data from an average deviation less than 3%.
       Studies of Spatial-temporal Population Distribution
        The city population during different time is regarded as an important indicator of the iden-
tification of workplace and residencial place, and also a significant tool for urban commuter 
traffic management. Currently, concern about temporal population change is more and more 
meaningful. Guo (2008) explores the layout for emergency shelters both during the daytime and 
at night according to different population distribution. The main methods of studying spatial 
distribution of the population during different time include observation statistics (Foley, 1952), 
OD matrics (Akkerman, 1995), estimation using traffic survey data (Roddis et al., 1998), mobile 
phone network data (Mao et al., 2010), and remote sensing data (Elvidge et al., 2001; Sleeter et al., 
2006; Yang et al., 2011).  Qi et al. (2015) apply land use to the model urban population during the 
daytime and at night with a case study at the Haidian District in Beijing.
Study Area
        The whole Shenzhen City including 8 Districts together with 2 New Districts are selected 
as the study area. The 8 Districts are Baoan District, Nanshan District, Longhua District, Futian 
District, Luohu District, Yantian District, Longgang District, and Pingshan District; the 2 New 
Districts are Guangming New District and Dapeng New District.
Figure1 Shenzhen City Administrative District Division
        Shenzhen is located in southern China adjacent to Hong Kong, coving 1,952 km2, and it has 
a population of 10.36 million as of 2010. Shenzhen is now ranked as one of the first-class cities 
in China due to its high gross domestic products among all Chinese cities. However, in the past, 
it was a small fishing village when it was chosen as China’s first Special Economic Zone at the 
beginning of Reform and Opening in 1979. Fast urbanization have converted Shenzhen into a 
migrant city. According to Gazette of the People’s Government of Shenzhen Municipality 2011, 
the migrant population accounted for more than 70 percent of the total population in Shenzhen. 
By the end of 2010, two metro lines has begun operation, which are Longhua Line and Luobao 
Line. Luobao Line is east-west direction, connecting the hinterland of Baoan, Nanshan, Futian, 
and Luohu. Longhua Line is north-south direction, going through Longhua and meeting Luobao 
Line in Futian District.
Data
        The data sets studied in this work were from a mobile phone carrier in Shenzhen, China. 
Each record of these data sets contains an-hour time period, ID of each 1km*1km grid, the geo-
graphic location in latitude and longitude of each grid centroid, and the number of cell phones 
identified during the one-hour time period in that specific grid.
        The data cover the whole area of Shenzhen City, and the time period of the data is from 1st 
October, 2010 to 31st October, 2010. There are 2268 grids in total. The phones could be identified 
as long as it is on, due to cell phone ownership per capita has been high in cities back to the year 
2010, the number of cell phones could reflect the population.
        I select two days to conduct this project, 10th, October and 11th, October, which are a 
Sunday and a Monday in turn. Worried about insufficient data size at night when people might 
turn off their phones, I calculate the mean population flow of each grid identified in an hour both 
during late night (0:00am to 5:00am) and the other time (6:00am to 11:00pm). On 10th and 11th, 
the population flow identified during 0:00- 5:00 and the population flow identified during 6:00-
23:00 do not show significant difference with p-values well above 0.05.
Table 1 Data Structure
Observing Overall Dynamics of Population Flow Distribution among Grids
   Overall, for both 10th and 11st the spatial population distribution forms an obvious band shape, 
from the center of Longgang District, crossing the whole Shenzhen Special Economy Zone along 
the coastal line and connecting Baoan District. Within each district, the urban population flow 
distribution shows a decay pattern of ‘urban – suburban –outer suburban’ from the center to pe-
riphery. The most densely populated areas are Huaqiangbei Commercial District and The com-
mercial area near Guomao Center, which have hourly average population flows around 150,000/
km2, followed by grids on the east of the grid where Guomao Center locates with 90,000-100,000 
hourly average population flows. The grid where Shenzhen Rail Station and Luohu Shore locate 
also has a high value, which is about 70,000-80,000.
        Figure 3 shows the histograms of 10th and 11th average hourly population flow in all 2268 
grid regions. On 10th October, the maximum hourly population flow is 0.155 million/km2. Most 
of the other values are below 0.04 million/km2, with a cumulative percentage of 97.5. On 11th 
October, no significant difference is detected. Clearly, there is high frequency in low value or zero 
value on two days since Shenzhen has great portions of farmland and open space.
        The histograms have steep slopes at beginning and get flat as the population flows become 
higher, which indicates an uneven population distribution in Shenzhen. For both days, 58% of 
the grids have average hourly population flows below 3,000, and 22% of the grids have the val-
ues between 3,000 and 10,000, followed by 15% of the grids have the values between 10,000 and 
30,000. It’s worth mentioning that only three grids having values above 100,000, while the highest 
two have values around 150,000 and the other one have the value around 110,000, indicating that 
Shenzhen has about two very “hot” grids.
Figure 2 Average Hourly Population Flow on 10th (Left) and 11th (Right) October
Population Flow Population Flow
Figure 3 Grids Frequency of Average Hourly Population Flow
        The standard deviation could represent the volatility of the sample. In this study, the standard 
deviation of population flow distribution shows an overall view of agglomeration and dispersion 
of population flow in Shenzhen through a day. On 10th, the standard deviation has a relative low 
value at night (22:00-1:00), however, it goes up in the early morning (2:00-6:00) and reaches its 
peak at around 6 o’clock. Then it goes down sharply and arrives at a relatively low and stable level 
between 9:00 and 12:00, and in the afternoon, the value goes through a slow rise and then drops 
from around 17:00. The trend indicates that the distribution of people is more even at night and 
the middle of daytime, and most concentrated in the morning. On 11th, the standard deviation 
line shows similar trends except that the morning peak occurs an hour earlier, and in the after-
noon, the values are higher than on Sunday, indicating a more concentrated population distribu-
tion pattern.
Figure 4 Standard Deviation of Population Flow Distribution
Spatial-temporal Structure of Population Flow Distribution on 11th, October
        According to the line shape of the standard deviation, in this study, the day 11th October is 
divided into four periods: 0:00-7::00, when standard deviation continues to rise; 8:00-11:00, when 
standard deviation continues to go down; 12:00-17:00, when standard deviation shows slow but 
sustained recovery; and 18:00-23:00, when standard deviation has a slight decrease trend.
       8:00-11:00
        Turning into the time period 8:00-11:00, the number of grids with less than 3000 population 
flow decreased after 8:00 by about 100; also, the number of grids with population flow between 
30,000 and 70,000 decreased from 81 to 66; particularly, the number of high-density grids whose 
population flows are more than 70,000 decreases from 18 at 8:00 to only 3 at 11:00. However, the 
grids with population flow between 3,000 and 30,000 become more. Overall, during this period 
of the day, population distribution becomes more even as both the high-density and low-density 
grids get less. At 11:00, the hotspots inside Longgang and Longhua District disappears, although 
the south part of Shenzhen is still the hottest, both the number of hot grids and the maximum 
population flow show obvious decrease. 
       12:00-17:00
        During the time period 12:00 to 17:00, the distribution of people in space is very stable as the 
locations of hot spots do not move significantly, and the number of grids falling into different cat-
egories does not show significant increase or decrease. It’s worth mentioning that the maximum 
population flow in a grid increases from below 130,000 at 12:00 to around 290,000, indicating 
that in the afternoon, people gather in large numbers in a few grids. There are 6 to 9 grids whose 
population flow are above 70,000, and all of which are concentrated on Luohu District along the 
coastal line. In terms of clustering shape, during this time range, the clustered grids form a square 
surface rather than points and lines in the morning.
       18:00-23:00
        Similar to the previous period, the number of grids that fall into each population range is 
stable except for a sudden increase in the number of grids having population flow over 70,000. 
Also, the maximum population flow in a grid begins to drop at 18:00 from more than 290,000 
to 141,007 at 23:00, indicating that people begin to disperse from the hottest pots at night. As 
mentioned above, during 12:00 to 17:00, the hot spots cluster in Luohu District as a square shape, 
while from 18:00 to 23:00, grids whose population flows are more than 70,000 also appear in Fu-
tian District, forming a belt-shaped densely populated areas at night.
       0:00-7:00
        From 0:00 to 1:00, around 85 grids have hourly population flow more than 3,000, compared 
to 98, 99 grids from 2:00 to 3:00, and more than 100 grids during 4:00 to 7:00. In particular, 
between 0:00 and 1:00, only 6 grids are densely populated, which means they have population 
flow greater than 7,0000, and all of the 6 grids are located in the hinterland of Futian District 
and Luohu District. Besides, a few grids with population flow between 5,0000 to 7,0000 scattered 
throughout Nanshan District and Baoan District. Starting from 2:00, the number of high-densi-
ty grids (hourly population flow >7,000) increases steeply and reaches peak during 4:00 to 6:00, 
when more than 20 grids are densely populated. As can see from the heat maps, at beginning, new 
high-density grids only occur in the south part of Shenzhen, followed by hotspots occurring in 
south Baoan District, the center of Longhu District, part of Longgang District closed to Luohu, as 
well as the north part of Longgang District. 
Figure 5 Hourly Population Flow Distribution on 11th
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Spatial-temporal Structure of Population Flow Distribution on 11th, October
        For convenience, the study follows the time classification of 11th October: 0:00-7:00, 8:00-
11:00, 12:00-17:00, and 18:00-23:00.
       0:00-7:00
        From 0:00 to 1:00, around 75 grids have hourly population flow more than 3000, while the 
number is 85 grids on 11th, demonstrating that less population hot spots exist during this time 
range on Sunday night. The grids with population flow greater than 70,000 are located in the 
coastal areas of Futian and Luohu District, forming a banded population gathering area. In terms 
of the grids with population flow between 50,000 and 70,000, in addition to the hottest Futian and 
Luohu District, Nanshan District and the part of Baoan District near Nanshan also have sporad-
ic distribution. Bsides, on the center of Longhua District, around 9 grids with population flow 
between 30,000 and 50,000 cluster and form a 3km*3km relatively hot district.
        While at 2:00, the number of grids with population flow over 30,000 suddenly increase to 
128, which means Shenzhen has more crowded areas at that time. Specifically, Nanshan District 
and the south of Baoan District get hotter as population flow in a few grids increased to 70,000 
or even 90,000. Besides, grids with population flow over 50,000 occur in Longgang and Longhua 
Districts sporadically.
        The number of hot grids goes down at three, then goes up slightly, and maintains in a rela-
tively stable state from 4:00 to 7:00. During that time, there are around 105 grids with population 
flow above 30,000, and more than 20 grids have population flow above 70,000. Besides, the max-
imum population flow exceeds 20,000, while the value is below 150,000 before 3:00, which indi-
cates that population density is higher in the hottest areas in Shenzhen at this time. Not only the 
consistent hot areas in Futian- Luohu area and Boaan-Nanshan area, the grids with population 
flow above 70,000 and even 90,000 also occur in Longhua and Longgang District. The center of 
Longgang District gets hotter the most significantly, because before 3:00, even grids with popula-
tion flow more than 30,000 are rare.
       8:00-11:00
       9:00-11:00 is a time period when the population flow distribution is relatively stable, while it’s 
clearly that 8:00 is the transitional state of the two states before and after. Although less than that 
during 4:00 to 7:00, at 8:00, there are still 101 grids in Shenzhen that have population flow great-
er than 30,000, and the maximum population flow in a grid is 192,651. The number of densely 
populated grids (population flow greater than 30,000) drops steeply to 69 at 9:00, in particular, 
the number of highly dense grids (population flow greater than 70,000) drops from more than 20 
to only 1 at 11:00. Not only the number of dense grids decrease a lot, but also does the maximum 
population flow in a grid, which is 90,126, less than half of at 8:00. 
        The heat maps show that almost all the hotspots in Shenzhen are cooling and the scope of 
hotspots clustering are shrinking during this time period, although those locations still leave 
some grids hotter than the surrounding area, they are not as densely populated as before. At 
11:00, only Luohu District has a grid with population flow greater than 70,000, Baoan, Nanshan, 
Futian, and Longhua have two or three grids with population flow greater than 50,000. Particular-
ly, the center of Longgang District, where densely populated grids gather during the early morn-
ing, merely has three grids whose population flows exceed 30,000.
       12:00-17:00
        From 12:00 to 14:00, the number of densely populated grids (population flow greater than 
30,000) remains unchanged, and the maximum population flow in a grid increases slightly. There 
are two grids whose population flows are greater than 90,000 through the 3 hours, one is a com-
mercial area to one kilometer north of Shenzhen Station and the other is Huaqiangbei commer-
cial district. 
        After 14:00, densely populated grids become more, at the same time, the maximum popu-
lation flow in a grid shows a rapid increase from 126,054 at 14:00 to 264,352 at 17:00. Also, the 
number of grids with population flow greater than 70,000 is increasing from around 2 at 13:00 to 
8 at 17:00, and the new grids are located on the lands near the two densest grids mentioned above, 
Nanshan District, and the south of Longgang District near Luohu District.
       18:00-23:00
        Both of the number of grids with population flow greater than 70,000 and the maximum 
population flow in a grid reach peak at 18:00. From 19:00 to 23:00, the two indicators go down. 
Specifically, the maximum population flow reduces to 136,728 at 23:00, almost half of the value 
at peak. The center of Longgang District gets cooler as the number of grids with population flow 
more than 30,000 in that area disappears gradually.
Figure 6 Maximum Population Flow in a Grid on 10th and 11th, October
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Figure 5 Hourly Population Flow Distribution on 10th
Space Time Cube & Emerging Hotspots Analysis
       Methology
        The tools utilized in this study is “Create Space Time Cube from Defined Locations” and 
“Emerging Hot Spots Analysis” from ArcGIS Pro under Space Time Pattern Mining toolbox.
The pre-prepared data are station data that have geography unchanged but attributes changed 
over time. In this study, each 1km*1km grid is a defined location and population flow during an 
hour is the changed attribute. I choose each 12-hour as a study time range, thus I run the method 
for four times: 0:00-11:00 on 10th, 12:00-23:00 on 10th, 0:00-11:00 on 11th, and 12:00-23:00 on 
11th. Given the data, the “Create Space Time Cube from Defined Locations” tool could create a 
three-dimensional cube made up of space-time bins with the plane dimension representing space 
and the vertical dimension representing time, and the highest layer represents the most recent 
time interval. For all 1km*1km grid, the trend for population flow is evaluated.
        Based on the result of “Create Space Time Cube from Defined Locations”, the “Emerging 
Hot Spots Analysis” could be conducted. This tool could the how significantly hot or cold each 
bin is, and categorize each location based on the hot and cold trends of bins with the same lo-
cation. When deciding each bin’s hotness and coldness, the bin is compared with its space-time 
neighbors defined by the user. In this study, I choose 3km as a neighbor distance, and 1 hour as 
a neighbor time, which means that all bins less than 3km away from the studied bin and the bins 
an hour earlier than those space neighbor bins are regarded as the bin’s space-time neighbors and 
included in the calculation. 
        Once the “Emerging Hot Spots analysis” completes, each bin has a hot spot z-score and 
p-value, also, each grid has a trend z-score and p-value which are the result of Mann-Kendall 
trend test. Finally, each grid categorized as follows (only hot spots are analyzed in this study): no 
pattern detected and cold spots, new hot spot, consecutive hot spot, intensifying hot spot, per-
sistent hot spot, diminishing hot spot, sporadic hot spot, oscillating hot spot, historical hot spot.
       Results
        After running the tools, four emerging hot spots classification maps are created and the 
following hot spots classifications are mainly detected on the maps. Intensifying hot spot points 
to a location that has been a statistically significant hot spot for ninety percent of the time-step 
intervals, including the last hour. In addition, the intensity of clustering in each hour is increas-
ing overall and that increase is statistically significant. Persistent hot spot means a location that 
has been a statistically significant hot spot for ninety percent of the time-step intervals with 
no discernible trend indicating an increase or decrease in the intensity of clustering over time. 
Diminishing hot spot represents a location that has been a statistically significant hot spot for 
ninety percent of the time-step intervals, including the final time step. In addition, the intensity of 
clustering I,n each time step is decreasing overall and that decrease is statistically significant. And 
sporadic hot spot is a location that is an on-again then off-again hot spot. Less than ninety per-
cent of the time-step intervals have been statistically significant hot spots and none of the time-
step intervals have been statistically significant cold spots.
        For convenience and according to the spatial structure shown in the map, I divided the hot 
spots areas in Shenzhen into 5 clusters: The Northwest Cluster which is in Baoan District, the 
Southwest Cluster which covers the south part of Baoan and Nanshan District, the South Cluster 
which include Futian, Luohu District and a small part of Longgang District, the Northeast Cluster 
which locates inside Longgang District, and the Center Cluster which is in Longhua District. The 
five Clusters are not completely separated in geography. 
        For the Northwest Cluster, on 10th (Sunday), both south area and north area are dominated 
by persistent hot spots, and several intensifying hot spots are sandwiched between the north and 
south regions. In the periphery of these hot spots, there is a circle of sporadic hotspots. The situa-
tion on Monday is slightly different, and the difference lies in that the scope of persistent hot spots 
is larger, less grids in the middle are identified as intensifying hot spots, and sporadic hot spots 
only concentrate on the south periphery. 
        On both 10th and 11th, the Southwest Cluster is mainly composed of persistent hot spots 
located in the west and diminishing hot spots in the east, except that on Sunday, more grids in 
the northwest of the area are identified as sporadic hot spots rather than persistent hot spots on 
Monday.
        On 10th, the South Cluster is dominated by persistent hot spots with a very small number of 
grids in the center identified as diminishing hot spots and a few grids in the south identified as 
intensifying hot spot. While on 11th, the scope of diminishing hot spots in the center expands, 
which means that those grids become less hot through time.
The situation on the two days of the Northeast Cluster is very different although the total scope of 
hot spots is close. On 10th, the hot spots classifications from north to south are intensifying hot 
spots, persistent hot spots, and sporadic hot spots in turn. However, on 11th, only intensifying 
hot spots layer and sporadic hot spots layer are left since the persistent hot spots are completely 
replaced by intensifying hot spots. 
        In terms of the Center Cluster, three layers are detected from north to south, they are sporad-
ic hot spots layer, intensifying hot spots layer, and persistent hot spots layer in turn. In addition, 
no significant difference could be detected between the two days.
which include Futian, Luohu District and a small part of Longgang District, the Northeast Cluster 
which locates inside Longgang District, and the Center Cluster which is in Longhua District. The 
five Clusters are not completely separated in geography. 
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        The Northwest Cluster formation on 10th is different from that on 11th. On 10th, it’s a 
four-layer pattern that persistent hot spots and intensifying hot spots alternate from south to 
north. However, on 11th, the area is mainly divided into persisting hot spots occupied the north 
and middle region, and intensifying hotspot in the southwest region.
        The Southwest Cluster and South Cluster are connected on the two days during this time 
period. On 10th, persistent hot spots span the entire combined cluster from west to east. Besides, 
three intensifying hot spots occur on the northwest corner, the north region of the Southwest 
Cluster, and the south region of the South Cluster. While on 11th, the biggest change is that 
the intensifying hot spots group on the south of the South Cluster expands towards north and 
throughout the whole South Cluster from south to north. Additionally, several grids in the south 
of Southwest Cluster promote to intensifying hot spots on 11th.
        The Northeast Cluster on 10th is mainly composed of a persistent hot spots group in the 
north and a relatively small intensifying hot spots group in the south. On 11th, the western part 
of the north group is converted into a diminishing hot spots group and the eastern part remains 
as persistent hot spots group. The intensifying hot spots group on 10th almost disappear.
Turning into the Center Cluster, on 10th, there are two hot spots groups, the small one in the 
north consists of several persistent hot spots surrounded by sporadic hot spots; and the large one 
in the south have intensifying hot spots distributed in the northwest of the group, persistent hot 
spots in the southeast of the group. Then on 11th, the small hot spots group shrinks a lot, and in-
side the large hot spots group, the intensifying hot spots occupy the western region, and persistent 
hot spots locate in the eastern band region. 
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Figure 7 Hot Spots Classifications on 10th and 11th From 12:00 to 23:00
Conclusion
        Overall, the population spatial distribution in Shenzhen is very uneven, reflected in that a 
small number of grids gather a large number of people, but the flow of people in the vast area 
is very rare. Densely populated areas form a band, among them, the coastal area inside Futian 
and Luohu Districts is the largest population concentration area with the highest density. Other 
districts including Baoan, Nanshan, Longhua, and Longgang also have clear population concen-
tration area with less scope and lower density.
        Whether it is Sunday or Monday, the population traffic in Shenzhen is most unevenly dis-
tributed during 5:00 to 8:00 in the morning, followed by afternoon, when the population flow 
distributed much more evenly. The trend of the population flow distribution in the morning and 
afternoon is not symmetrical at all.
        On Monday (11th), the maximum population flow in a grid reaches and stays at its peak 
during 15:00 and 19:00, and the peak value is close to 30,000. The second peak is at around 6 
o’clock in the morning with the value around 20,000. The lowest value appears between 9:00 and 
12:00. Sunday shows a similar trend, however, the two peak appear two hours later than with the 
lower value during afternoon peak than Monday and higher value during morning peak.
        Regardless of standard deviations or population flow heat maps, the spatial distribution of 
population flow in Shenzhen continues to change over time. Even at midnight, the population 
distribution also has no obvious stability and stillness. The most dramatic time period is from 
7:00 to 9:00 in the morning, which matches the commuting morning peak. However, on the 
weekend, the same thing happens.
        On both Sunday and Monday, from 0:00 to 11:00, the identified population hot spots in 
Shenzhen consist of persistent hot spots in every cluster, intensifying hot spots mainly in Center 
Cluster, Northeast Cluster and Northwest Cluster, sporadic hot spots at the periphery of each 
cluster and the junctions of each other, and diminishing hot spots on the east of Southwest Clus-
ter. But from 12:00 to 23:00, most of hot spots are intensifying or persistent.
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Appendix
       Grids Classification Based on the Value of Population Flow on 10th October
Population 
Flow
Number of 
Grids
<3000 1,345
3001-10000 500
10001-30000 347
30001-50000 56
50001-70000 13
70001-90000 5
>90000 2
Max Pop Flow 148,269
Mean Pop Flow 5,735
Sd. 10,189
Population 
Flow
Number of 
Grids
<3000 1,338
3001-10000 491
10001-30000 347
30001-50000 61
50001-70000 20
70001-90000 6
>90000 4
Max Pop Flow 156,297
Mean Pop Flow 6,235
Sd. 11,563
Population 
Flow
Number of 
Grids
<3000 1,425
3001-10000 453
10001-30000 289
30001-50000 56
50001-70000 21
70001-90000 14
>90000 10
Max Pop Flow 219,177
Mean Pop Flow 6,281
Sd. 14,100
Population 
Flow
Number of 
Grids
<3000 1,323
3001-10000 512
10001-30000 359
30001-50000 53
50001-70000 15
70001-90000 5
>90000 1
Max Pop Flow 131,143
Mean Pop Flow 5,891
Sd. 10,386
Population 
Flow
Number of 
Grids
<3000 1,386
3001-10000 465
10001-30000 309
30001-50000 63
50001-70000 30
70001-90000 10
>90000 4
Max Pop Flow 121,642
Mean Pop Flow 6,299
Sd. 12,228
Population 
Flow
Number of 
Grids
<3000 1,419
3001-10000 462
10001-30000 282
30001-50000 60
50001-70000 21
70001-90000 14
>90000 10
Max Pop Flow 232,139
Mean Pop Flow 6,312
Sd. 14,438
Population 
Flow
Number of 
Grids
<3000 1,478
3001-10000 367
10001-30000 286
30001-50000 82
50001-70000 31
70001-90000 10
>90000 5
Max Pop Flow 123,803
Mean Pop Flow 6,233
Sd. 12,930
Population 
Flow
Number of 
Grids
<3000 1,411
3001-10000 461
10001-30000 288
30001-50000 65
50001-70000 21
70001-90000 16
>90000 6
Max Pop Flow 225,738
Mean Pop Flow 6,283
Sd. 13,725
Population 
Flow
Number of 
Grids
<3000 1,388
3001-10000 470
10001-30000 309
30001-50000 63
50001-70000 21
70001-90000 6
>90000 11
Max Pop Flow 192,651
Mean Pop Flow 6,231
Sd. 13,266
0:00 1:00 2:00
3:00 4:00 5:00
6:00 7:00 8:00
Population 
Flow
Number of 
Grids
<3000 1,245
3001-10000 561
10001-30000 393
30001-50000 55
50001-70000 9
70001-90000 2
>90000 3
Max Pop Flow 103,923
Mean Pop Flow 6,028
Sd. 9,696
Population 
Flow
Number of 
Grids
<3000 1,291
3001-10000 520
10001-30000 370
30001-50000 64
50001-70000 21
70001-90000 0
>90000 2
Max Pop Flow 102,559
Mean Pop Flow 6,252
Sd. 10,290
Population 
Flow
Number of 
Grids
<3000 1,310
3001-10000 518
10001-30000 350
30001-50000 63
50001-70000 23
70001-90000 2
>90000 23
Max Pop Flow 199,173
Mean Pop Flow 6,258
Sd. 11,304
Population 
Flow
Number of 
Grids
<3000 1,249
3001-10000 544
10001-30000 403
30001-50000 59
50001-70000 9
70001-90000 3
>90000 0
Max Pop Flow 89,051
Mean Pop Flow 6,098
Sd. 9,450
Population 
Flow
Number of 
Grids
<3000 1,300
3001-10000 525
10001-30000 356
30001-50000 58
50001-70000 26
70001-90000 0
>90000 2
Max Pop Flow 120,956
Mean Pop Flow 6,225
Sd. 10,559
Population 
Flow
Number of 
Grids
<3000 1,349
3001-10000 493
10001-30000 331
30001-50000 65
50001-70000 22
70001-90000 5
>90000 2
Max Pop Flow 236,960
Mean Pop Flow 6241
Sd. 12,040
Population 
Flow
Number of 
Grids
<3000 1,282
3001-10000 519
10001-30000 385
30001-50000 61
50001-70000 20
70001-90000 0
>90000 1
Max Pop Flow 90,126
Mean Pop Flow 6,149
Sd. 9,734
Population 
Flow
Number of 
Grids
<3000 1,321
3001-10000 517
10001-30000 344
30001-50000 59
50001-70000 22
70001-90000 3
>90000 2
Max Pop Flow 126,054
Mean Pop Flow 6,204
Sd. 11,092
Population 
Flow
Number of 
Grids
<3000 1,350
3001-10000 500
10001-30000 320
30001-50000 69
50001-70000 21
70001-90000 5
>90000 3
Max Pop Flow 264,352
Mean Pop Flow 6,265
Sd. 12,479
9:00 10:00 11:00
12:00 13:00 14:00
15:00 16:00 17:00
Population 
Flow
Number of 
Grids
<3000 1,353
3001-10000 502
10001-30000 315
30001-50000 70
50001-70000 18
70001-90000 7
>90000 3
Max Pop Flow 264,845
Mean Pop Flow 6,272
Sd. 12,544
Population 
Flow
Number of 
Grids
<3000 1,314
3001-10000 514
10001-30000 354
30001-50000 65
50001-70000 16
70001-90000 3
>90000 2
Max Pop Flow 156,394
Mean Pop Flow 6,108
Sd. 10,804
Population 
Flow
Number of 
Grids
<3000 1,347
3001-10000 504
10001-30000 320
30001-50000 69
50001-70000 19
70001-90000 6
>90000 3
Max Pop Flow 256,669
Mean Pop Flow 6,265
Sd. 12,379
Population 
Flow
Number of 
Grids
<3000 1,299
3001-10000 509
10001-30000 369
30001-50000 62
50001-70000 23
70001-90000 4
>90000 2
Max Pop Flow 140,932
Mean Pop Flow 6,454
Sd. 11,325
Population 
Flow
Number of 
Grids
<3000 1,315
3001-10000 510
10001-30000 357
30001-50000 61
50001-70000 19
70001-90000 4
>90000 2
Max Pop Flow 220,390
Mean Pop Flow 6,219
Sd. 11,568
Population 
Flow
Number of 
Grids
<3000 1,283
3001-10000 512
10001-30000 384
30001-50000 60
50001-70000 23
70001-90000 4
>90000 2
Max Pop Flow 136,728
Mean Pop Flow 6,503
Sd. 11,071
18:00 19:00 20:00
21:00 22:00 23:00
Population 
Flow
Number of 
Grids
<3000 1,294
3001-10000 514
10001-30000 376
30001-50000 60
50001-70000 18
70001-90000 4
>90000 2
Max Pop Flow 131,057
Mean Pop Flow 6,295
Sd. 10,696
Population 
Flow
Number of 
Grids
<3000 1,372
3001-10000 469
10001-30000 328
30001-50000 69
50001-70000 16
70001-90000 9
>90000 5
Max Pop Flow 158,776
Mean Pop Flow 6,199
Sd. 11,937
Population 
Flow
Number of 
Grids
<3000 1,430
3001-10000 459
10001-30000 266
30001-50000 65
50001-70000 23
70001-90000 13
>90000 12
Max Pop Flow 207,618
Mean Pop Flow 6,349
Sd. 14,406
Population 
Flow
Number of 
Grids
<3000 1,310
3001-10000 496
10001-30000 374
30001-50000 62
50001-70000 18
70001-90000 5
>90000 1
Max Pop Flow 126,052
Mean Pop Flow 6,220
Sd. 10,684
Population 
Flow
Number of 
Grids
<3000 1,395
3001-10000 469
10001-30000 289
30001-50000 69
50001-70000 25
70001-90000 13
>90000 8
Max Pop Flow 195,051
Mean Pop Flow 6,453
Sd. 13,875
Population 
Flow
Number of 
Grids
<3000 1,426
3001-10000 467
10001-30000 271
30001-50000 60
50001-70000 22
70001-90000 8
>90000 14
Max Pop Flow 188,736
Mean Pop Flow 6,242
Sd. 14,148
Population 
Flow
Number of 
Grids
<3000 1,325
3001-10000 494
10001-30000 348
30001-50000 69
50001-70000 18
70001-90000 11
>90000 3
Max Pop Flow 154,451
Mean Pop Flow 6,477
Sd. 12,036
Population 
Flow
Number of 
Grids
<3000 1,430
3001-10000 456
10001-30000 270
30001-50000 69
50001-70000 21
70001-90000 13
>90000 8
Max Pop Flow 196,170
Mean Pop Flow 6,297
Sd. 13,705
Population 
Flow
Number of 
Grids
<3000 1,396
3001-10000 470
10001-30000 303
30001-50000 60
50001-70000 21
70001-90000 8
>90000 10
Max Pop Flow 162,497
Mean Pop Flow 6,168
Sd. 12,936
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       Grids Classification Based on the Value of Population Flow on 11th October
Population 
Flow
Number of 
Grids
<3000 1,286
3001-10000 533
10001-30000 368
30001-50000 57
50001-70000 17
70001-90000 5
>90000 2
Max Pop Flow 111,996
Mean Pop Flow 6,088
Sd. 10,340
Population 
Flow
Number of 
Grids
<3000 1,301
3001-10000 520
10001-30000 354
30001-50000 67
50001-70000 20
70001-90000 4
>90000 2
Max Pop Flow 126,953
Mean Pop Flow 6,275
Sd. 10,799
Population 
Flow
Number of 
Grids
<3000 1,327
3001-10000 507
10001-30000 338
30001-50000 68
50001-70000 19
70001-90000 4
>90000 4
Max Pop Flow 284,090
Mean Pop Flow 6,260
Sd. 12,595
Population 
Flow
Number of 
Grids
<3000 1,253
3001-10000 530
10001-30000 404
30001-50000 65
50001-70000 11
70001-90000 2
>90000 21,293
Max Pop Flow 91,588
Mean Pop Flow 6,198
Sd. 9,632
Population 
Flow
Number of 
Grids
<3000 1,306
3001-10000 519
10001-30000 348
30001-50000 70
50001-70000 19
70001-90000 4
>90000 2
Max Pop Flow 149,672
Mean Pop Flow 6,282
Sd. 11,058
Population 
Flow
Number of 
Grids
<3000 1,318
3001-10000 517
10001-30000 335
30001-50000 71
50001-70000 17
70001-90000 5
>90000 4
Max Pop Flow 29,1763
Mean Pop Flow 6318
Sd. 12,627
Population 
Flow
Number of 
Grids
<3000 1,293
3001-10000 522
10001-30000 384
30001-50000 56
50001-70000 10
70001-90000 2
>90000 1
Max Pop Flow 111,731
Mean Pop Flow 5,876
Sd. 9,428
Population 
Flow
Number of 
Grids
<3000 1,318
3001-10000 514
10001-30000 338
30001-50000 71
50001-70000 19
70001-90000 4
>90000 3
Max Pop Flow 204,181
Mean Pop Flow 6,273
Sd. 11,689
Population 
Flow
Number of 
Grids
<3000 1,318
3001-10000 521
10001-30000 330
30001-50000 69
50001-70000 21
70001-90000 5
>90000 4
Max Pop Flow 289,681
Mean Pop Flow 6,342
Sd. 12,807
9:00 10:00 11:00
12:00 13:00 14:00
15:00 16:00 17:00
Population 
Flow
Number of 
Grids
<3000 1,354
3001-10000 498
10001-30000 317
30001-50000 71
50001-70000 20
70001-90000 3
>90000 5
Max Pop Flow 290,977
Mean Pop Flow 6,174
Sd. 12,708
Population 
Flow
Number of 
Grids
<3000 1,303
3001-10000 523
10001-30000 347
30001-50000 66
50001-70000 21
70001-90000 5
>90000 3
Max Pop Flow 216,803
Mean Pop Flow 6,310
Sd. 11,756
Population 
Flow
Number of 
Grids
<3000 1,313
3001-10000 525
10001-30000 335
30001-50000 68
50001-70000 18
70001-90000 5
>90000 4
Max Pop Flow 281,768
Mean Pop Flow 6,329
Sd. 12,584
Population 
Flow
Number of 
Grids
<3000 1,334
3001-10000 489
10001-30000 340
30001-50000 66
50001-70000 22
70001-90000 12
>90000 4
Max Pop Flow 199,580
Mean Pop Flow 6,663
Sd. 12,916
Population 
Flow
Number of 
Grids
<3000 1,321
3001-10000 508
10001-30000 347
30001-50000 66
50001-70000 18
70001-90000 4
>90000 4
Max Pop Flow 263,658
Mean Pop Flow 6,302
Sd. 12,263
Population 
Flow
Number of 
Grids
<3000 1,313
3001-10000 516
10001-30000 351
30001-50000 58
50001-70000 22
70001-90000 5
>90000 2
Max Pop Flow 141,007
Mean Pop Flow 6,260
Sd. 11,120
18:00 19:00 20:00
21:00 22:00 23:00
